ABSTRACT The civil aviation industry is undergoing rapid development. However, the on-time rate of airport flights and passenger service quality are not particularly satisfying. The cause of the above problems is the contradiction between the limited operational support capability and the continuous growth of passenger traffic volume. Therefore, the key to solving these problems is achieving situation awareness of airport operation. Many situation awareness algorithms, typically categorized into modeling and machine learning, have been proposed in the past years. However, existing models lack flexibility and their prediction accuracy is unstable. Machine learning's results cannot be timely and effective when external conditions are suddenly changed although some related algorithms have higher accuracy because of the retraining of artificial neural network (ANN). This paper proposes a situation awareness method based on Petri nets (PNs). This method introduces the queuing theory and perceptual parameters into the existing PN and constructs the perceptual PNs' model for general service systems so that it can quickly model different scene service systems. In combination with the ANN, this paper proposes a complete situation awareness algorithm to realize a sustained and accurate situation awareness prediction of the service system by solving point estimations of the macroscopic and microscopic situation in this model, which helps to address some challenges faced by current civil aviation airports. By experimenting on-ground support in civil aviation airports and the access of website as well as comparing the situation separately with Airport Collaborative Decision Making and stochastic PNs, the validity and accuracy of the algorithm proposed in this paper are well verified.
I. INTRODUCTION
Air transportation is characterized by high efficiency, safety and comfort. Also, the ongoing development of the civil aviation industry is rapid. However, at the same time, airport flight support capability and passenger service quality are not particularly satisfying. Challenges are widespread in most airports, such as information interconnection, flight operation control capabilities, baggage handling, traffic control, and airport security. These make it difficult for airport operation to be long-term safe, stable, and highly efficient. The root cause
The associate editor coordinating the review of this manuscript and approving it for publication was Shouguang Wang. of the above problems is the contradiction between the limited airport capacity and the continuous growth of passenger traffic volume. Thus, the key to solving the problem of civil aviation airport operation is achieving situation awareness of the airport operation by using the big data infrastructure. Currently, for various operational problems of civil aviation airports, scholars mainly use modeling and machine learning methods to predict some parameters. These methods can be viewed as situation awareness research.
In 1995, Endsley [1] proposed a new situation awareness method which made use of available data to predict future events. Since then, situation awareness has been widely applied in many areas, such as military field [2] , [3] , power system [4] , [5] and network security [6] , [7] . Usually, for service systems, situation awareness can provide decision support for decision makers to understand the operating status of a system. At present, for common service systems, scholars mainly use modeling and machine learning to discuss systems' situation.
Davidrajuh and Lin [8] put forward a modified modeling and simulation tool, named GPenSIM for discrete service systems, which is based on Petri nets (PN). They studied the traffic capacity of the Norwegian Harstad/Narvik Airport and provided reasonable suggestions for the operation of this airport based on their results. Mori [9] developed an aircraft ground-taxiing model using cellular automata to analyze the traffic conditions of Tokyo International Airport. This model considered the taxiing speed and the time histories of taxiing; also, the distribution of aircrafts on each runway and relative sliding time could be well obtained through simulation experiment. Nagatani [10] used the nonlinear-map to study the dynamic characteristics and control problems of aircrafts between airports. Chen and Xie [11] used the Markov model to make a grey prediction of airport's energy consumption. Although modeling methods have achieved important results in the study of situation awareness, they also have disadvantages, such as relatively low prediction accuracy, lack of flexibility, difficulty in analysis, etc., when external conditions are complicated.
Regarding the methods of machine learning, Kim et al. [12] built a prediction model, called LSTM-RNN, to predict aircraft delays. By applying deep LSTM-RNN architecture to the prediction model, a reliable delay status of a single day could be acquired. Also, the most accurate delay states for individual flights were acquired by feeding the delay status of a day to the individual flight delay model. Li et al. [13] used clustering neural networks to study the prediction of airport congestion. Wu et al. [14] employed Bayesian network technology to study the dynamic characteristics of passenger flow in the airport. Actually, methods based on machine learning technology have relatively high prediction accuracy. However, this kind of algorithm lacks flexibility, and it cannot change with external conditions. For this reason, machine learning methods cannot provide effective decision support in urgent and extreme situations.
Based on the actual conditions of airport operations and existing technology, we add machine learning to modeling technology. The improved algorithm combines the advantages of these two kinds of algorithms, and has good versatility, compatibility and accuracy. Our main contributions are as follows:
1) By integrating and improving several existing PN theories, introducing queuing theory and perceptual parameters, we constructed the Perceptual Petri nets (PPN) model, which is meaningful for general service systems. 2) We discuss a solving method of the PPN model and propose the situation awareness algorithm for general service systems based on artificial neural network (ANN).
On the basis of the above contributions, we used the PPN model and its algorithm to carry out situation awareness experiment on ground service systems in civil aviation airports and compared it with Airport Collaborative Decision Making (A-CDM), which is widely used in reality. The conclusion that is reached is that PPN greatly improves the prediction precision. Compared with A-CDM, PPN shows excellent performance advantages. The supplementary experiment on the access of website also proves our conclusion.
The rest of the paper is organized as follows: We first introduce the motivation of our method and the background knowledge of our constructed model (PPN) in Section II. Then, in Section III, we illustrate the reasons why we added queuing theory and perceptual parameters to our PPN. Section IV and Section V separately present the establishment and solution of our model, and performance evaluation results of PPN are given in Section VI. Finally, we conclude this work and discuss our future work in Section VII.
II. MOTIVATION AND MODEL BACKGROUND OF PPN
Currently, some airports and air traffic management bureaus have begun to adopt A-CDM. A-CDM [15] integrates airports, air traffic management bureaus, airlines and other related parties to achieve coordinated decision-making during airport operations management. This system integrates and shares all parties' data to realize the rational allocation of resources and improve the overall operational efficiency to ensure that flights are on time. Therefore, it improves the predictability of events and optimizes the utilization of resources.
A-CDM realizes the calculation and prediction of specific times in the flight process, but its situation awareness is still relatively weak. Firstly, its various estimated specific times still need to be given by professional dispatchers; hence, it's not effective. Secondly, the update of its forecast results depends on the exchange of information between airlines, airports and air traffic management bureaus. It is more like a plan than a forecast. In addition, when external conditions change, it is necessary to manually correct each estimated specific time. Obviously, the accuracy is not particularly satisfying. The above shows that the A-CDM system only initially achieves situation awareness of operation of civil aviation airport and cannot completely solve the operational problems currently faced.
As mentioned above, the key to solving the problem of civil aviation airport operation is achieving situation awareness of airport operation by using big data infrastructure. On this basis, we decided to conduct a research on situation awareness of airport operations. Since PN have the ability to describe the static structures and analyze the dynamic behaviors of systems, we chose PN as the basis for our work. Therefore, in this section, we first introduce the main idea of basic PN. Second, the motivation of our method is presented accordingly. VOLUME 7, 2019 A. PN AND ITS TRANSITION FIRING RULE PN were first proposed in 1962 by former German scientist Petri [16] , and they can model and evaluate Discrete Event Systems (DES) [17] . DES (such as manufacturing systems or information networks) are highly parallel and distributed, and they need to be evaluated from a qualitative point of view as well as from a quantitative point of view. Since the complexity of these systems increases due to many factors, both qualitative and quantitative analyses are used more and more frequently. Proth claims that PN are the most powerful set of tools that can support the functional specification as well as these two types of analysis. Because PN have the characteristics of being concurrent, asynchronous, distributed, parallel, nondeterministic and stochastic, Murata [18] believes that PN are graphical and mathematical modeling tools applicable to many systems. As graphical tools, PN can be used as a visual-communication aid (like block diagrams and flow charts), and tokens are used to simulate the dynamic and concurrent activities of systems. Besides, as mathematical tools, PN can establish mathematical models that govern the behavior of systems (such as state equations and algebraic equations). Regarding our situation, PN can be used to facilitate the establishment of general service system models, and they are easy to analyze by relevant mathematical tools and simulation software. PN already have many applications and researches in some fields, such as deadlock control [19] - [21] , fault diagnosis [22] - [25] , forbidden state problem [26] , [27] and other modeling analyses and applications [28] - [32] .
A basic PN [16] is defined as follows: Definition 1: A triad BN =(S,T ,F) satisfying the following conditions is called a prototype PN:
In the above definition, elements are called places in set S, transitions in set T , and flow relations in set F. For x ∈ S ∪T , pre-set is defined as • x = {y|y ∈ S ∪ T ∧ (y, x) ∈ F} and post-set is defined as x • = {y|y ∈ S ∪ T ∧ (x, y) ∈ F}. A simple prototype PN is shown in Fig.1 , in which arrows represent the elements of the set F. This definition describes the static structure of a system. For general service system models, element S stands for the set of service nodes in the system, T for the set of service processes, and F for the set of partial ordering relation.
Definition 2: Supposing PN =(BN ,M ) is a prototype PN system (M is called a marking of BN and is a mapping from S to N + ), its transition firing rules are as follows: (a)For t ∈ T , ∀s ∈ S, if s ∈ • t → M (s) ≥ 1; t can transit, and M is denoted as M [t ; (b)M will transform into M when t happens, denoted as M t M . We define M as follows:
There is a simple example of this transition. For the prototype PN in Fig.1, t 1 can transit when M 0 : {s 0 , s 1 } → {0, 3}. Then, the marking of this system is M 1 : {s 0 , s 1 } → {1, 2}. Transition firing rule describes the state of a system and its changes. For general service systems, M describes the distribution of the service object between the various service nodes of the system, and the transition rule describes the process of receiving services. According to the above definition, M and its transition rules describe the situation in a service system. 
B. EPN AND ITS TRANSITION FIRING RULE
Definitions 1 and 2 show that the prototype PN can fully model general service systems. However, in order to describe some elements more easily, such as the capacity of service nodes and the preference of service object flowing between nodes, we need to further extend this prototype PN. We used function K to represent capacity and W to represent weights.
Definition 3: A 6-tuple EPN =(S,T ,F,K ,W ,M ) satisfying the following conditions is called an extended PN:
At the same time, EPN needs to meet the following transition firing rules:
This extended PN is on the basis of prototype PN. We added the weighted function W , representing the relative proportion of F, and the capacity function K , representing the capacity of places. Due to the limitation of W and K , the occurrence of transition depends not only on its preset but also on W and K in the post-set. It would be more convenient to describe the preference of the flow of service objects in service systems and the capacity of each service node by EPN .
As shown above, EPN can better describe the structure, status and changes of general service systems. However, for an actual service system, the existing PN are not enough. 
III. OUR PPN: INTRODUCING QUEUING THEORY AND PERCEPTUAL PARAMETERS
We introduced queuing theory and perceptual parameters to reinforce existing PN model. As discussed in the Section II, in actual service systems, the service nodes of different systems often have different service processes, and existing PN theories are not sufficient to describe these processes. To solve this problem, we introduced queuing theory. Queuing theory can effectively establish models for the system with respect to random clustering phenomenon and random service process. In addition, in our discussion, the properties of the existing PN tend to be steady. When the parameters of a model do not change with external conditions, the state space generated by the model gets larger and larger, and the error between the estimated value of output and actual value is more and more obvious with derivation of the model. At the same time, the operational situation awareness of airports also requires the correlation analysis of multi-source data. In view of the lack of dynamic characteristics in the existing PN theories, we propose the concept of perceptual parameters. We will describe the queuing theory and the perceptual parameters separately.
A. QUEUING MODELS
The queuing theory was created by a Danish mathematician Erlang [33] . It was developed for computing and optimizing the efficiency of any system that achieves its objectives by consuming multiple resources optimally [34] . In our situation, it can describe a variety of service processes of a general service system. At present, the application of queuing theory is extensive. Load balancing [35] , urban traffic [36] , [37] and resource utilization [38] all involve queuing theory. A queuing model is generally expressed as a 6-tuple: X /Y /Z /A/B/C. In the above formula, X is the time interval at which customers arrive at the system; Y is the distribution of service time; Z is the number of service stations; A is the system capacity limit; B is the number of customer sources; and C is the service rule.
In civil aviation airport support systems, we can establish suitable queuing models during these three processes. Regarding the process in which aircrafts are queued for takeoff, the time aircrafts arrive at airports obeys negative index distribution and is expressed by M . Combined with the actual situation of airports, this process can be described as a queuing theory model M /0/Z /A/∞/FCFS. With respect to the process of aircrafts receiving services, the customer arrival time distribution and capacity depend on the guarantee process and the service process of the upper queuing process. Therefore, X and B in the model are recorded as the determined value D. Since the data set of airport service time is large enough, a normal distribution can be used to estimate the time to accept the service, and the normal distribution is denoted as N . Thus, this process can be described as a queuing theory model D/N /Z /A/D/FCFS. Moreover, there are two situations for the process of aircrafts leaving the service nodes. One is the process of aircrafts receiving other different services after the previous service is completed, and it is related to the weight of the flow relations in PN. The other is the process of aircrafts taking off from the airport, and it can be described as D/0/∞/∞/D/FCFS after analysis. Adding the queuing theory can effectively respond to the operation of the system.
B. PERCEPTUAL PARAMETERS
Perceptual parameters reflect the changes in the external conditions. For instance, for the ground support business of the aircrafts, the factors affecting the support time are mainly the date (whether it is a holiday), weather conditions and aircraft types. We define perceptual parameter set as SA, and each parameter in this set is denoted as sa. Also, sa is the mapping of the external environment E to a parameter in the model. When we deduced the model, we re-measured the parameters of the current system's state and external conditions after every other time interval and recalculated the parameter values of the model by using SA.
The problem of situation awareness in general service systems is to find out the future trend of the distribution of the service object and the congestion of the service node in the current condition. In order to make the results to be in real time and to be understood easily by decision-makers, our algorithm will output point estimations in the end. What we should do in the case of SM (t 0 ) , E is to find the point estimations of SM (t i ). SM denotes the situation of the service objects waiting to accept service in various nodes; t 0 is the current time, and t i is a moment of future. E is a set of values VOLUME 7, 2019 of external conditions that could impact system. Point estimations of situation depend directly on perceptual parameters. The specific usage and significance will be given in Section V. With the rapid development of deep learning technology in recent years, ANN has excellent performance in most fields, such as game playing system [39] , computer graphics [40] , [41] and natural language processing [42] , [43] . In this paper, we use ANN to solve perceptual parameters.
Specifically, the macroscopic situation awareness algorithm of a general service system is shown as Algorithm 1. What differentiates microscopic and macroscopic situation awareness algorithms is that their initial state and output values are different. 
IV. PPN MODEL ESTABLISHMENT
In this section, we introduce PPN model in details. Our proposed model is defined as follows:
Definition 4:
In the above definition, (a), (b), (c) and (d) describe the place and the transition. Based on the analysis of Section II and Section III, in order to describe nodes' service process more clearly and make a good combination with queuing theory, we made some improvements compared with the traditional PN theory. We classified the places into two categories: One is called service place in set SS, which contains service objects waiting to be serviced. The other is movement place in set MS, which contains service objects that already have received service and are preparing to go to other nodes. In PPN, tokens are expressed as service objects in SS and MS. Similarly, transitions are classified into two categories: One is called service transition in set ST , which describes the service process of nodes specifically. The other is called movement transition in set MT , and service objects in it have already finished receiving services and are preparing to leave the nodes. By introducing the queuing theory, (e) and (f) describe the transition, which is a mapping from the external environment E to the queuing model Q :
(g), (h) and (i) describe the flow relations of net and there is a weight W during MT transiting to SS. w(weight) is a mapping from E to real numbers (0 to 1), and the sum of the weights of the same MT is 1. (j) extends the marking range from positive natural number to positive real number, which is more convenient to describe some intermediate states converging according to probability when transiting. Parameters Q and W in the system both relate to perceptual parameters.
Definition 5: Under external conditions (E), the transition firing rules of PPN are as follows: (a)For t ∈ ST , the condition of transition M [t is:
∀s ∈ • t : M (s) ≥ 0 (c)For the time spent τ in the transition process:
As shown in (a) and (b), two types of transition rules are defined. Place MS of PPN is described by queuing model parameter A. If transition (a) cannot happen, it indicates that the service node has become congested. (c) explains that transition is the maximum value of the sum of the arrival time and service time in each service queue of post-set, and it is not done in an instant. The arrival time and service time obey the distribution of X (E, t) and Y (E, t). (d) and (e) describe the state of the system after the occurrence of two types of transitions. It should be noted that the physical meaning of weighted function is the probability that a service object that has finished receiving service goes to another node. Also, the physical meaning of marking is the value of the number of service objects in each node that converges by probability.
We modeled every service node i in the system by using PPN, including place ss, ms and transition st i , mt. In Fig.3 , the service object moves to node 2 and node 3 at the probability of w 1,2 and w 1,3 respectively after receiving service in node 1. w 1,2 and w 1,3 are functions related to the external condition E and the sum of w 1,2 and w 1,3 is 1. In order to describe the life-and-death process of service objects in the system, we abstracted the environment outside the system as a special service node 0 that has only one place and one transition. Service objects in the system enter from external node 0 and eventually return to it. The system shown in Fig.3 is expanded as Fig.4 . Particularly, transition t 0 is a mapping of E to queuing model D/N /Z /A/D/FCFS. It should be noted that service node 0 can also be as a connector between two sub-models; then the place of the whole sub-model is s 0 and the transition is a combination of all internal transitions.
In PPN, each service node describes the concurrent relationship and the link between service nodes describes the serial relationship in the process. Therefore, this PPN can be used to quickly model various general service systems.
Some conclusions can be reached from the above discussions. For each service object, our model can describe the whole process, including entering, leaving and receiving various services under the external environment E. Thus, we can obtain the estimations of time at which the object arrives at each node and accepts each service. The prediction and estimation of a single service object can be viewed as a perception of the microscopic situation of the service system. The point estimations for situation awareness will be discussed in details in the following section.
For the whole system, the model can be used to calculate the convergent value of the system state M according to the probability under certain external condition E. This can reflect the trend of systems. We can infer which nodes in the system are more congested and which nodes have abnormal traffic. This information can provide decision supports about the state of systems for decision makers. Therefore, it can be seen as a prediction of macroscopic situation of the service system.
V. PPN MODEL SOLVING
The PPN can be formalized as follows:
The vector set M contains perceptual petri elements. The sub-vector MM contains markings of ms (movement place). The sub-vector SM contains markings of ss (service place), which is the value needed to be estimated.
Specifically, situation awareness of general service systems can be expressed as follows: find the point estimations of SM (t i ) in the case that SM (t 0 ) and E are known. Among them, t 0 is the current time; t 1 is a certain moment in the future; E is a set of values of external conditions. In particular, the microscopic situation awareness can be expressed as follows: find the point estimations of node t 1 in the case that SM (t 0 ) and E are known when transiting to a different SM (t 1 ). Here SM (t 0 ) = [1, 0, 0, ...0]
T . We will discuss how to solve the PPN, i.e., how to find the point estimations in details in this section. Before this, the method using ANN for solving perceptual parameters of PPN will be presented. Firstly, we used ANN technology to obtain the perceptual parameters W and Q. Fig.5 is a schematic diagram of a neural network for obtaining perceptual parameters. As shown in this figure, the input layer contains various external conditions, which are quantified and normalized. The output layer contains parameters of PPN and mainly includes parameter λ, which is shown as negative exponential distribution in queue T 0 , parameters µandσ , which are shown as normal distribution in service queue ST , and W (weight) of the network. Because of the feature of many parameters and hidden layers, the ANN can be optimized in a specific calculation. For example, we used the data that is fitted with ARIMA (Autoregressive Integrated Moving Average Model) instead of the original data to eliminate some factors that may have a bad influence on ANN. Moreover, the parameters in the network are pre-trained layer by layer to obtain better initial parameter values [44] , which helps to get the optimal values. The ReLU(Rectified Linear Unit) is also used to optimize the ANN and speed up the training [45] .
We used history environment data about airports as input, history perceptual parameters obtained through statistics of history data as tags, to train the neural network shown in Fig.5 . Then we can obtain a model that can be used to find new perceptual parameters. This model can be used as a black box in our algorithm.
A. MACROSCOPIC SITUATION SOLVING
Next, we solved the macroscopic situation parameters. According to our Definition 5, the transition in SM depends on the speed of service in service queuing and the number of objects waiting for service regardless of system congestion (the number of objects waiting for service is greater than the capacity of the service nodes, or some services cannot be in place as planned). When the external conditions were certain, we inferred the process of service objects entering the service node from outside: (2) t is the time interval. T in is the form of the matrix of the weight element W , which describes the probability that service objects enter each node of the system from outside. It is a perceptual parameter that changes with external environment. n is the number of nodes in PPN. Q is the function of obtaining the service number of queue nodes. Specifically, Q (∞, s 0 , t, E) represents the number of transition objects in place s 0 with infinite number of service objects in t. How can we obtain the point estimation of Q?
Based on the discussion above, the queue from the external environment to the system is model M /0/Z /A/∞/FCFS. The number of arrivals is consistent with the Poisson distribution, and the mathematical expectation is taken as the point estimation:
Among them, λ is also a perceptual parameter that changes with environment.
For MT , we only considered the transition process of objects between service nodes, shown as (4) . T m is the form of the matrix of the weight element W , which is a perceptual parameter that changes with the external environment. According to the rules of transition, the service object must leave place mm to transit after receiving service, then MM (t 0 + t) only depends on the number of services completed in t:
On the basis of the discussion above, the service process in the service node is queuing model D/N /Z /A/D/FCFS. We took the mathematical expectation of Q (SM (t 0 ) , ST , t) as its point estimation. For node i:
σ, µ are perceptual parameters. Let st i denote the time of the i-th service and k denote the number of times the queue completes the service. In actual calculation, we can get the following formula after stipulating the integral step:
t controls the step length of integration accuracy.
2 is the density function of normal distribution, and its value can be obtained quickly by checking the normal distribution table written into the memory beforehand. It is worth noting that when sm i (t 0 ) is lager, the mathematical expectation of Q (SM (t 0 ) , ST , t) is too difficult to calculate. Usually, it can be simplified. We took µ as the point estimation of each service time, and the estimation of the number of objects receiving service is expressed as 1 µ per unit time. The expression is as follows:
When the post-set of place ss contains more than one transition, the service speed is limited by the slowest service process, i.e., the number of transitions of service objects in ss is equal to the number of transitions with the minimum number of services. The expression is as follows:
In fact, SM (t 0 + t) contains four parts, which are the value of SM (t 0 ), the value of new entering outside the system, the value moved from other nodes and the value of transition.
When t is small enough, most of the service objects can be considered to have only completed a single transition, i.e., the above four parts can be considered as serial occurrences. We have the following expression:
In the above expression, I is the unit matrix. Taking the corresponding point estimation of function Q (∞, s 0 , t, E) and Q (SM (t 0 ) , ST , t), we can obtain the point estimation of the macroscopic situation of the system. When t is far greater than the time of various transitions, we need to get t , which is smaller, and use formula (10) to calculate SM t 0 + t . By iterating the above calculation t t times, we can find the point estimation.
Particularly, when congestion occurs, the following formula will be calculated:
Formula (11) is used to express congestion, whose physical meaning is that when the time is t i , the number of markings stored in place sm is larger than the capacity of the queue. When the macroscopic situation estimation of the system satisfies formula (11) , managers need to deal with the congestion nodes timely and recalculate with our model before the moment of congestion.
An example is given to better illustrate our algorithm. Suppose we model the service system shown in Fig.4 by PPN. When t 0 = 0, SM (t 0 ) = [0, 1, 2]. We assume that the perceptual parameters have been calculated by the trained ANN: λ 0 = 3; µ 1 = µ 2 = µ 3 = 2; δ 1 = δ 2 = δ 3 = 1; ω 0,1 = ω 0,2 = ω 1,2 = ω 1,3 = 0.5; ω 2,0 = ω 3,0 = 1. Then, the macroscopic situation when t 1 = 1 is:
The point estimation of Q(s 0 , mt 0 , t, E) calculated using Formula (3) 
Thus this result represents the value of the distribution converging in probability of the service object when t = t 1 , i.e., the point estimations of the macroscopic situation are obtained.
B. MICROSCOPIC SITUATION SOLVING
Solving microscopic situation parameters is similar to the macroscopic situation parameters. In the case of no congestion, PPN can easily provide the mathematical expectation of the time at which a specific object receives each service. That is the point estimation of the service time of each node. Based on these estimations, it is easy to find the point estimations of specific time nodes in the process of transition.
Take the PPN model of Fig.4 as an example. The point estimation of leaving the system of a service object that just entered can be inferred as follows:
In the above formula, t start is the time of entering the system, Time ([st i ) is a function to solve the time at which the transition st i occurs;
T is the state of a service node just entering the system; and
T is the state of a service node just leaving the system. Take the mathematical expectation of Time ([st i ) as perceptual parameter µ i to obtain the point estimation of Time (SM start [T SM end ). The expression is shown as follows:
The above analysis is based on the case of no congestion. When the point estimation of the macroscopic situation satisfies formula (11), the system's ability to support a single service object has almost been lost, and it is meaningless to analyze the microscopic situation.
Similarly, to better illustrate our algorithm, one example is given below. Let's continue with the previous one. Assuming that there is a node that enters the system at t = 0, then the time point of the node leaving is as follows:
Thus, the point estimations of the microscopic situation are obtained.
VI. EXPERIMENTAL RESULTS

A. SITUATION AWARENESS IN CIVIL AVIATION AIRPORTS
To verify the validity of our method, we specifically discussed the microscopic situation awareness of ground supports in civil aviation airports in this section. We used the data set of Hefei Xinqiao International Airport in 2016 to evaluate our method and compare it with A-CDM, which is the most advanced airport operation management system used to solve a series of problems, such as route congestion and flight delays that affect the efficiency of flight operations. In civil aviation airport operation control system, the ground support system of the aircraft is the most important. Several key time nodes in the ground support service are specified in the existing A-CDM system. For example, the Target Off Block Time (TOBT) is provided to the air traffic control as the basis for aircrafts to take off; the Calculated Off Block Time (COBT) predicted by the TOBT is the latest completion time of the ground support that needs to be guaranteed; the Target Take Off Time (TTOT) determines the time of flights' launch, push back and take off. Through these key time nodes, the flight guarantee process can be planned, targeted, and controlled, and this is able to improve the operation efficiency of the airport.
However, as mentioned earlier, the determination of special time nodes in the A-CDM is more of a plan than a prediction. Firstly, the determination of each target time (such as TOBT, TTOT) requires the three-way negotiation among airports, airlines, and air traffic control instead of an automatic prediction. Secondly, each calculated time (such as COBT) is only obtained by adding or subtracting the corresponding relaxation time on the basis of the target time, which is not accurate enough. Moreover, a large-scale air traffic flow management system has not been established in many places, and the A-CDM systems in each region can only rely on themselves, which further reduces the accuracy of airport predictions for various time nodes.
Therefore, the prediction of special time nodes in flight support has important practical significance, but it has not been well realized in the current system. Based on the theory proposed in this paper, the airport's ground support system can be easily abstracted as a general service system model, and the problems of special time nodes can be abstracted into the microscopic situation awareness problem of the system. Several key specific time nodes that are related to the ground support system are shown in Table1. In this table, the time between two associated nodes is the time when aircrafts receive support services. For example, it takes aircrafts the time between node 1269 and 508 to receive catering services. According to the discussion above, each support service in the ground support can be abstracted as an element in the service transition set ST . Support services that can be carried out at the same time have the same service place ss and the same movement place ms. Based on the modeling method discussed above, we can get the PPN model as shown in Fig.6 . However, st 1.2 and st 3.2 are almost not recorded in the actual data set of Hefei Xinqiao International Airport, so they are not considered in this experiment. By the way, st 1.1 does not belong to support service, so it is not considered either. For the ground support time t of the aircrafts, when the system is operating normally, the situation point estimation mentioned above is as follows:
The perceptual parameters above in order are the mathematical expectation of the time taken by the check-in, fueling, boarding bridge completed, passenger registration, cargo loading, catering, cleaning, and chocks removing. Considering the actual situation with no congestion, the ground support time t, which is from the end of the checkin to the chocks removing, is as follows (If congestion occurs, use simulation based on specific business rules of the airport to obtain results):
After modeling, we need to train ANN to solve perceptual parameters. We have concluded that time (during holidays and weekends, more time may be spent on check-in and loading baggage than usual), weather and the type of airplane have a significant influence on the support time. Therefore, we used these three external conditions as input parameters of ANN, and these data are evenly normalized to 0 to 1. The output of ANN is the perceptual parameters of the PPN. Specifically, the difference between the end time and the start time of each service is the time spent, and we can further calculate the average time and variance of each service.
In the training of this ANN, we randomly selected 10% of the data as a test set to verify the training effect and repeat it many times. One training result is shown in Table2. Among them, the average accuracy is calculated as (1 − MAE/MAST ) * 100%(MAE: mean absolute error; MAST: mean actual support time). In our experiment of specific time nodes' prediction, we used our formulas for the airport ground support time for each flight in December 2016 and compared the results with A-CDM. The results are shown in Table3, Fig.7 and Fig.8 . Fig.7 shows the support rate of A-CDM, and Fig.8 shows the support rate of PPN. In this regard, ''fail to support'' means that the actual support time is longer than the predicted time; ''completely support'' means that the actual time is within the range of the predicted time, and ''error'' means that the difference between the actual time and predicted time is within 1 min. Actually, if the flight fails to remove chocks within the specified time, it will greatly miss the resources, such as the route allocated in advance, resulting in the flight delay.
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The experimental results show that the ground support time given by PPN point estimation algorithm is more accurate than that of A-CDM, and the average accuracy rate is improved by 7.62%. Since the A-CDM system does not consider the influence of external conditions, the predicted time it gives is much lower than the actual time. In contrast, the predicted time calculated by our method is closer to the actual value. In other words, the aircraft can remove chocks during the specified time, thereby increasing the on-time rate of the flight. We believe that if the planning and management of the aircraft support business is carried out according to the point estimated value given by PPN, the accuracy of the predicted time of various ground support will be greatly improved. Our method can provide effective decision support for civil aviation airport managers, and greatly increase the efficiency of existing system.
B. SITUATION AWARENESS IN ACCESS OF WEBSITE
The above experiment proves that PPN theory and its algorithm have good performance on the microscopic situation awareness problems. To better verify the effectiveness of our method for macroscopic problems and its applicability among general service systems, we further experimented on the access of website. We evaluated our method and compared it with SPN. SPN is a time PN model with negative exponential transition time and is the closest one to our PPN. We used a set of scientific research data to discuss situation awareness of website traffic. The web browsing data used in this experiment was shared by Laurence Berkeley National Laboratory and comes from the Kennedy Space Center website in July and August 1995 [46] . This data set contains a total of 3461612 requests, and the time accuracy is 1s.
Same as the first experimental step, we abstracted the related services in web browsing as a general service system and modeled it using PPN. To be specific, each visitor is a service object; each part of the website is the service node of the system, and the response of various requests to the web is the service. We took visitors, bounce rate and exit rate as items that the macroscopic situation needs to perceive. In addition, we regarded residence time on web page, residence time on site and conversion rate as items that the microscopic situation needs to perceive. According to the frequency of visits and reasonable estimates, we divided the site into three parts: home page (contains welcome page and various navigations to other pages), launching page (page about space launching information, reports and history) and all remaining pages (such as technical reports, software downloads and financial information). The traffic in these three regions accounts for approximately 20%, 65% and 15%. Based on the modeling method discussed above, we obtained the PPN model as shown in Fig.9 .
From the statistics of website traffic, we concluded that missions of space shuttle, hurricanes and dates have a significant influence on access behavior. Therefore, we used these three external conditions as input parameters of the neural network. In addition, the statistical results of the training set, namely historical perceptual parameters including the transfer matrix parameters and queuing nodes parameters, are evenly normalized to 0 to 1, which can be used as tags of the neural network. In the macroscopic situation awareness, we predicted the website traffic and the number of individual visitors to each part in the last week of the data set. In this experiment, we stipulate that the prediction time step size is one hour, and we will update the quantity of access objects in each part every hour. Besides, the perceptual parameters will be updated every hour based on the training model. The experimental results are as follows:
It can be seen in Fig.10, Fig.11 , Table4 and Table5 that the prediction results of the SPN show obvious hysteresis without updating parameters of the model. In contrast, the PPN model estimates the perceptual parameters in the next hour in advance using neural network; thus, the final prediction results do not appear to be delayed in time as the SPN. Obviously, the prediction accuracy of PPN is significantly higher. It should be noted that the improvement in the accuracy of PPN in the home page is relatively not obvious, because the traffic of service objects in this page is small, which is not well suited to our discussion. Conversely, in areas with large traffic flows, such as the launching page, the PPN shows excellent performance advantages than the SPN.
PPN can also perceive the microscopic situation of the website. We calculated the average time of each visitor's residence time per hour in the last week of the data set, and predicted it using PPN and SPN. The experimental results are shown in Fig.12 and Table6. Even though the randomness of the access behavior of individual visitors is too strong to analyze the special time nodes, the effects are not as obvious as the first experiment, PPN still achieves better results than SPN. The point estimations of PPN can reflect the trend of residence time, which is expressed as a relatively smooth prediction curve. In fact, the point estimations of PPN are similar to the envelope of real value in which the window FIGURE 12. Prediction of residence time. size is 6 hours. For the SPN model, since it does not update parameters such as transition time, its point estimations for residence time can only be constants, and they do not have a more practical meaning. The second supplementary experiment proves that our method has good generality. At the same time, experimental results verify that our PPN and algorithm have excellent performance both in macroscopic and microscopic situation awareness.
VII. CONCLUSION
Based on the big data operating environment of an airport, we proposed a situation awareness method for airports. The model constructed in this paper can comprehensively reflect the general service system to describe the service process of airports. This model introduces queuing theory and perceptual parameters on the basis of PN to describe service process and responds to external conditions better. Combined with ANN, we propose PPN to analyze and solve the situation awareness of general service systems. The experiment results verify that the model and its situation estimation algorithm have better performance than A-CDM. In addition, the experiment on the access of website also proves that our model has good generality and flexibility, so it can give more accurate predictions for service system and provide support for decision makers. PPN can only easily describe individual systems, but it cannot effectively reflect the relationship and cooperation between these individual systems. Based on our research, we will consider extending the scope of situation study and research on more kinds of queuing models and external conditions. In addition, we will further optimize and improve the methods proposed in this paper in the future. He has authored or coauthored more than 40 papers, many of which were published in premier network journals and conferences. His research interests include wireless sensor networks, embedded systems, computer networks, distributed systems, big data analytics, natural language processing, the Internet of Things, and the Industrial Internet.
